The paper proposes an adaptive long-range correlation-based filter operator for the restoration of impulse corrupted digital images. The impulse detection scheme of the proposed algorithm incorporates the local outlier factor (LOF) to avoid the misclassification of uncorrupted pixels as noise. The restoration algorithm uses the local and remote neighborhood of the same size to find structural similarity among pixels for ensuring better replacement of detected impulses. The domain of the remote window is limited around the neighborhood of the impulsive pixel under concern for maintaining image details and thereby producing a high quality restored image. For replacing impulses, the filter uses a reference image and information about the corruption/purity status of the pixels in the image to determine the most correlated uncorrupted pixel from the remote neighborhood. Experimental results show that the proposed filter is capable of producing better results than the comparative filters in terms of subjective and objective metrics.
Introduction
Salt and pepper impulses affecting digital images are noises that occur when acquired through digital sensors or while transmitted through physical/electromagnetic media. These unwanted signals will affect the quality of the image by making true image pixels noisy. The corrupted image pixels take a very large value as a positive impulse or a very small value as a negative impulse and they respectively produce the visual salt and pepper-like effect in the corrupted image [1] . The median filter is one of the traditional impulse noise removal filters and is widely used due to its simplicity and detail preservation capability. A median filter replaces all the pixels of the image uniformly by the median of adjacent pixels from the predefined neighborhood without considering whether the pixel is corrupted or not [1] . With this background, many filters were proposed [1, 2] to meet the contradictory requirements of noise reduction and signal preservation. Numerous transform-based algorithms [3] [4] [5] also evolved with different features to reduce noise while maintaining image perception quality. However, their performance was inefficient due to the large number of arithmetic calculations needed for obtaining the transformed image. Numerous switching schemes [6] [7] [8] [9] [10] [11] [12] [13] [14] also evolved by identifying the corrupted pixel positions and by replacing them with suitable values determined from detected uncorrupted pixels. Mu et al. [15] proposed * Correspondence: justin var@yahoo.com a fast and efficient median filter (FEMF) by addressing the limitation of the adaptive switching median filter [10] , but it failed to preserve structural details of the local neighborhood while restoring impulses. Shi et al. [16] proposed a sorted switching median filter by incorporating histogram-based impulse detection and trimmed median-based regularization to efficiently replace impulses, but it failed to avoid misclassification when the image is corrupted at lower impulse noise levels. Although these algorithms performed better, they could not meet the requirements of perfectly identifying the corrupted pixel positions and adequately replacing it with a suitable value. The algorithm proposed by Awad [17] used a direction-based approach where optimal direction is used as a reference for identifying corrupted pixels, but the algorithm is limited to perform better only at low noise levels. Jafar et al. [18] addressed the limitations of boundary discriminative noise detection (BDND) [19] by incorporating a clustering scheme to classify pixels by their corrupted/uncorrupted status. The LOF-based boundary discriminative noise detection filter (LOFBDND) proposed by Wang et al. [20] incorporated the LOF to quantify the distinctiveness of corrupted pixels. However, the algorithm failed to restore images corrupted at higher quantum of impulse levels since it set the correction window size to 3 × 3 and also by considering all pixels irrespective of them being corrupted or not to restore impulses.
Due to the detail preservation capability, many nonlocal correlation based algorithms were developed by focusing on the replacement of impulses by one of the uncorrupted remote pixels that best suits the image local conditions. The decision-based nonlocal mean (DNLM) filter [21] used a statistics-based classification scheme to detect corrupted pixels and the corrupted pixels are replaced with suitable values by considering reference image output along with nonlocal means. The algorithm proposed by Jie [22] used functional level evolution (FLE) to identify the remote pixel to replace the detected impulses, but the algorithm introduced impulsive patches in the restored image while restoring highly corrupted images. The long-range correlation (LRC) based filter [23] works with the stages of impulse detection and noise cancellation. The signal estimate for replacing impulses is obtained based on the mean square error measure between the nonimpulsive pixels of the local window and the remote window. However, the impulse correction scheme fails in efficiently replacing impulses at higher impulse noise ratios due to the difficulties in highly impulse corrupted environments where almost all pixels of the remote window and the window under consideration are corrupted. This increases the time complexity of the algorithm due to the search for neighborhoods with uncorrupted pixels. Moreover, it does not account for the homogeneity of pixels in the local window and the remote window while determining the signal restorer. Thus almost all filters in the literature could not simultaneously meet all the requirement of detection and correction of impulses.
In this paper we propose an adaptive local outlier-based long-range correlation filter for the restoration of salt and pepper impulse corrupted digital images by addressing the limitations of LRC, LOFBDND, and DNLM filters. The paper is organized in four sections. Section 2 provides the proposed impulse restoration filter. Experimental results and simulation analysis are given in Section 3. Conclusions are made finally in Section 4.
The proposed algorithm
The proposed algorithm incorporates the distinct phases of impulse detection and correction. The impulse detection algorithm is built in with the min-max and LOF criteria to efficiently identify impulsive positions and thereby to avoid the misclassification of uncorrupted pixels as noise and vice versa. The proposed filter is designed with the assumption that image pixels are smoothly varying and are separated by edges. The noise model considered by our algorithm is only salt and pepper impulse noise, which means 1) only a portion of image pixels will be corrupted; 2) the corrupted pixel can take either a minimum or maximum value of the dynamic range [1] . The proposed restoration algorithm is incorporated with long-range-based correlation calculations to find the structural similarity for effectively replacing the detected impulses with the respective remote pixels that better suit the local image conditions. The proposed filtering scheme is explained in the following subsections.
The impulse detection stage
The impulse detection phase of the proposed filter aims at identifying the corrupted positions in a flag image, f , of same size, M × N , as the given corrupted input image, X , where f i and X i , respectively, provide the flag and pixel value at position i = (i 1 , i 2 ) . We denote the impulsive and nonimpulsive positions of the corrupted input image by setting the corresponding positions of the flag image,f , respectively as 1 and 0. As an initial step, we set all spatial positions of the flag image f to '1' by assuming that the entire image is corrupted, i.e.
The traditional min-max check is utilized to perform the initial assessment of corrupted/uncorrupted status of 
Here k = (W − 1) /2and the purity status is recorded in the initial flag image, f I , as
where
Here W D is an odd integer not smaller than 3.
Once the initial assessment of the flag image is made, since there are chances of wrongly detecting uncorrupted pixels as noisy especially when the noise ratio is less, we refine the status of detected corrupted pixels by determining its LOF from the set of nearest uncorrupted pixels, S , defined by
The LOF of X i over the set of uncorrupted pixels, S , provides how much X i is isolated from the detected uncorrupted pixels. Note that this LOF calculation is possible only when there are sufficient pixels in the uncorrupted set, S . If the cardinality of S is greater than a predefined threshold, T 1 , indicating sufficient uncorrupted pixels in the set, S , to determine the outlier nature of X i , we calculate LOF of X i over the set of uncorrupted pixels, S . For any pixel p , the r -neighbor LOF r (p) is defined by
where lrd r (p) is the local reachability density of p from its r -distance pixels and |N r (p)| is the cardinality of set of pixels in r -distance neighborhood of p . Here the distance refers to the pixel intensity difference. Further, the formulation and definitions of LOF can be found from [24] . If LOF r (X i ) is near to 1, it is a good indication thatX i shows good correlation with its uncorrupted r -distance neighboring pixels from S and hence it need to be declared uncorrupted. In our algorithm, we not only use LOF r (X i ) but also the 1-distance neighbor LOF r (N 1 (X i )) (the LOF of the closest uncorrupted pixel fromX i ) to better ensure the purity status of X i . We define the final refined flag image f i as
and f
Here T 2 is the threshold used for fixing the LOF tolerance level for changing the corrupted status of the pixels. Since we incorporated a two-way LOF-based comparison to refine the detected corrupted pixels from the first phase of impulse detection using traditional min-max check, many uncorrupted edge pixels that are similar to the noise will escape from being misclassified as impulse.
The impulse correction stage
The proposed filter incorporates flag and reference images in the process of image restoration where the flag image f provides the corruption/purity status of pixels, whereas the reference image U ref is the filtered output of another filter using the same flag image. We use the impulse correction phase of one of our previously published work, adaptive switching median filter (ASMF) [10] The proposed restoration algorithm is described in the following steps:
Step 1: If the flag value f i of position, i = (i 1 , i 2 ) of the pixel U i is '0', it is retained in the restored image, V i , since U i is an uncorrupted pixel. Thus,
Now the algorithm is continued from Step: 5.
Step 2: Otherwise if the flag value, f i of the pixel U i is '1', indicating an impulsive position, we use two
For each corrupted pixel, in order to ensure the structure preservation in the restored image V , we find the remote uncorrupted pixel U j such that j ∈ Ω produces the least weighted mean square error with the neighboring pixels defined by Ω
where ' \' is the set difference operator and
The W t i,j,l1,l2 provides the weight for each squared pixel difference calculation and d i,j,l1,l2 is the distance between the positions (i 1 + l 1 , i 2 + l 2 ) and (j 1 + l 1 , j 2 + l 2 ). We have assigned minimum weight when both the local and remote neighboring pixels from the reference image are corrupted.
Step 3:
indicates that there is a strong correlation between the center pixel U i with that of the found restorer R and hence we maintain the center pixel as in (9) . Here T 3 is a threshold used for checking the correlation of the restoring value, R , with the central pixel, U i .
Step 4: Otherwise if |R − U i | > T 3 , we replace the center pixel U i by R as
Step 5: Move to the next pixel and process it from step 1.
Unlike other algorithms [22, 23] , since the proposed algorithm makes use of the reference image while replacing impulses, we always get a valid restorer in the first iteration itself and thereby it reduces the computational complexity to a large extent. Moreover, the additional importance in terms of weights given to the uncorrupted pixels while determining the weighted squared error helps the algorithm to identify the remote pixel that better suits the local image structural properties while replacing impulses.
The experimental results and analysis
In this section, we compare the proposed algorithm in terms of efficiency and detail preservation capability with other algorithms including simple median filter [1] , center weighted median filter (CWMF) [2] , rank ordered mean (ROM) Filter [6] , morphological median filter (MMF) [7] , progressive switching median filter (PSMF) [8] , pixel restoring median filter (PRMF) [9] , noise adaptive fuzzy switching median filter (NAFSMF) [11] , fuzzy mean linear aliasing window kernel filter (FMLAWKF) [12] , pixel correlation based impulse filter (PCIF) [13] , switching-based adaptive weighted mean filter (SAWMF) [14] , boundary discriminative noise detection filter (BDNDF) [19] , local outlier factor based boundary discriminative noise detection filter (LOFBDND) [20] , decision-based non-local means filter (DNLMF) [21] , long range correlation filter (LRCF) [23] , adaptive fuzzy based switching weighted average (AFSWA) filter [25] , and rank ordered adaptive median filter (RAMF) [26] . The various test images used for analyzing the subjective and objective performance of the proposed algorithm include Lena, Boats, Cameraman, Bridge, Barbara, and Baboon. The 8-bit Lena and Boats images of size 512 × 512 are used in this paper for experimental comparisons.
The objective comparison is made with peak signal to noise ratio (PSNR), the mean absolute error (MAE), miss-detection (MD), and false alarm (FA). The formulations for PSNR and MAE are as defined in AFSWA. MD provides the total number of misclassifications of impulses as signals whereas the FA provides the total number of misclassifications of signals as impulses by the impulse detection algorithms. A better impulse detection algorithm should produce fewer MDs and FAs by clearly isolating impulses from signals.
We use visual analysis of the restored outputs, percentage of not detected edges, ξ 1 (%), and the percentage of wrongly detected edges, ξ 2 (%), to compare the subjective performance of the proposed algorithm over other prominent filters. The metric ξ 1 is the percentage of ratio of edge pixels present in the edge image from the impulse-free image but not present in the edge image of the impulse filter's output to the total number of edge pixels present in the noise-free image, while ξ 2 is the percentage of edges present in the edge image of the restored output but not present in the edge image of the impulse-free image to the total number of nonedge pixels present in the restored image. Figures 1 and 2 make the visual comparison of the outputs produced by SAWMF, PCIF, NAFSMF, FMLAWKF, DNLMF, AFSWAF, and the proposed algorithm for impulse noise ratios 10% and 50%, respectively, on the Lena image. Restored outputs produced by FMLAWKF, DNLMF, AFSWAF, and the proposed algorithm from the Lena image corrupted with 90% noise are shown in Figure 3 . From visual analysis, it is very clear that the restored outputs produced by the proposed algorithm are better than those of the other competitive algorithms. image is represented by blue color. The edges present in the edge detected image of the impulse-free image but not present in the edge detected image of the restored output by different filters are indicated by red color. In addition, the edges that are present in the edge image of the restored output but are not present in the edge image of the impulse-free image are indicated by blue color pixels. It is to be noted that the edge preservation capability of the proposed algorithm is better when compared to other promising algorithms in the literature as can be verified from Figure 4 . Tables 1-3 respectively show the objective analysis of PSNR, MAE, ξ 1 , ξ 2 , MD, and FAs on the restored images produced by different filters from the Lena image corrupted by 10%, 50%, and 90%. The analysis on PSNR, MAE, ξ 1 , ξ 2 , MD, and FAs on the restored images produced by different filters from the Boats image corrupted by 10%, 50%, and 90% are respectively shown in Tables 4-6. From Tables 1-6 , it is very clear that the objective performance of the proposed algorithm is better than that of the other comparative filters. The thresholds T 1 , T 2 , and T 3 are used for fine tuning the performance of the proposed algorithm. T 1 decides the minimum number of uncorrupted pixels needed in the impulse free set, S , to perform LOF calculations to refine the corrupted status of pixels. T 3 decides the tolerance level to omit a pixel from replacing it with a restoration value. We take a very small value in the range [0, 5] for set T 3 . Among all thresholds, T 2 plays an important role that affects the overall performance of the proposed filter and its behavior is explained through the following cases as can be verified from Table 7 . Noise ratio Case 1: If the image is corrupted with low noise levels, many uncorrupted pixels in the window will be misclassified as impulses by the min-max check in (3); all of them will participate in the 2-way LOF based refinement. The threshold T 2 in this case should be large enough to avoid misclassification of uncorrupted pixels as noisy.
Case 2:
If the image is corrupted with a higher quantum of impulse noise, much fewer uncorrupted pixels in the window will be misclassified as impulses by the min-max check; all of them will participate in the 2-way LOF-based refinement. Although the threshold T 2 in this case is less obvious, it should be small enough to avoid misclassification of corrupted pixels as uncorrupted. By empirical analysis on different images, we formulated T 2 as
Here a 1 is a constant and the local noise ratio NR is determined by
Here S is the set of uncorrupted pixels from (6) and || denotes its cardinality. The window sizes W D , W 1 , and W 2 are respectively set to 7, 7, and 3 for better performance of the algorithm. For the other algorithms, we used the parameters as suggested in the respective papers.
Conclusion
The proposed adaptive long-range correlation-based filter operator for the restoration of impulse corrupted digital images incorporates the LOF in its detection scheme to avoid the misclassification of uncorrupted pixels as noise. Since the filter uses the reference image and information about the corruption/purity status of the pixels in the image to determine the most correlated uncorrupted pixel from the remote limited neighborhood around the pixel under concern, the errors while replacing impulses are reduced. Experimental results showed that the outputs produced by the proposed filter are better than the results of other prominent filters in terms of subjective and objective metrics.
